Through an investigation into seven major industries in China's stock market from 2002 to 2013, this study focuses on two main external determinants: market condition and policy change on intra-industry information diffusion. We employ both time-series and panel Vector Auto-regression (VAR) methods on a sample data of 1175 firms for the analysis. The investigation reveals that market conditions and policy changes affect the process of intra-industry information diffusion in China. The speed of intra-industry information diffusion in a down-market state is slower than an upmarket, especially when the evidence is more significant in the longer horizon of the market condition. Policy changes, especially the split-share structure reform, impede the process of intra-industry information diffusion. The investigation outcome also reveals that there is an increasing delay in intra-industry information diffusion over time in China's stock market after 2005. However, because of the decreasing information volatility of intra-industry information diffusion, policy changes are useful to a certain extent.
Introduction
Under the Efficient Market Hypothesis (EMH), information diffuses without any delay in a complete and frictionless market. However, ever since the seminal work of Lo and MacKinlay [1] , researchers increasingly discover that information gradually diffuses in the realistic market. From research views to research methods, an abundance of researchers continually explore the study of gradual information diffusion [2] [3] [4] [5] [6] [7] . Many past studies contribute internal determinants, such as the firm's characteristics in the process of information diffusion [8] [9] [10] .
Additionally, external factors that could affect the process of information diffusion have also been explored. Two potential external determinants that can affect information diffusion are market condition and policy change. Certain literatures focus on market condition to explore information diffusion. For example, McQueen et al. [11] and Chang et al. [12] suggest that, by reason of small stocks' lagged response in up market, gradual information diffusion is more significant in up market rather than down market. In contrary to McQueen et al. [11] , Hameed and Kusnadi [3] claim that the speed of information diffusion is supposed to be slower when the market falls. Chen & Rhee [13] suggest that both short sale and market conditions could affect the speed of information diffusion.
They argue that the speeds of information diffusion are similar in the both up and down markets. Therefore, the market condition that can delay the diffusion of information seems be controversial.
Another external determinant is policy change. As an important setting in a market environment, policy change has significant impact on the financial market from various aspects and the influence on information diffusion is just a sub-fraction. It is the process of gradual discovery. Any policy change is not always smooth and successful and the market environment and institutional arrangement can be responsible for the speed of information diffusion. Merton [14] recognizes the importance of institutional constraints in the information achievement and diffusion procedure. In recent years, the impact of policy changes on financial markets has become one of the more recent research hotspots. Theoretically and empirically, the importance of a variety of policies and environmental changes on the process of information diffusion is explored by several researchers. Lin & Swanson [15] argue that policy changes in China could influence the China segmented stock market more. They suggest that the policy changes alleviate barriers of information diffusion. In addition, Bae et al. [16] argue that the policy of liberalization of stock market produces more information on the efficiency of stock prices for emerging markets. They discover that foreign investors can facilitate the diffusion of global market information into stock prices. On the other hand, Mori [17] investigates how policy and environmental changes in the Real Estate Investment The trust market could affect the process of information diffusion in the United States (U.S.) market. He discovers that changes of the process of information diffusion depend on both different government policies and changes of firm size.
On the other hand, most of the previous studies investigate the process of information diffusion based on the whole market and, by narrowing the research scope, a few researches have also examined information diffusion that relates to industries such as customer-supplier and upstream-downstream industries [5, 6, 18] . However, researches rarely focus on firms within an industry to investigate the process of information diffusion. Cen et al. [19] report that industry-wide information is first incorporated into the stock prices of industry leaders who are more liquid and have high level of analyst coverage, and then the information gradually distributes to other industry followers. Importantly, Hou [4] particularly examines the intra-industry information diffusion. He argues that gradual information diffusion mainly exists in intra-industry rather than cross-industry or outside-industry. Haque [20] further support the hypotheses of Hou [4] with data in Australia. However, they only focus on the internal impact factors of intra-industry information diffusion. External determinants of intra-industry information diffusion have not been adequately touched on in their researches.
By including the market conditions and policy changes, this study stresses the roles of external determinants on intra-industry information diffusion in China's stock market. To the best of our knowledge, this study is the first of its kind, which focuses on the intra-industry to investigate the process of information diffusion with views of market conditions and policy changes. The research not only focuses on individual industries, but it also processes a major investigation of intra-industry. The findings of this research contribute to the pool of existing literature in several ways. First, as an external determinant, how market conditions affect information diffusion in the stock market is still controversial. Moreover, the research scope focuses on intra-industry. This study is the first attempt to explore the impact of market condition on information diffusion with focus on intra-industry.
Second, as the largest emerging market, China's stock market has unique microstructures and institutional arrangement, which are different with most developed markets. Due to the relatively shorter development period, China's stock market suffers from market immaturity and investors irrationality. With the specific conditions in China, the study focuses on whether and how policy changes influence the process of intra-industry information diffusion. Institutional frictions are accountable for producing the delay in the process of information diffusion. Thus, comprehending the process of information diffusion is very important for policy considerations. Institutional reforms in China's stock market have been implemented for many years since the establishment of the market. However, the effectiveness of the changes in policy is still in dispute. Whether policy reforms are effective in China stock market? Whether China government can professionally regular and controls the market? How to smooth the process of information diffusion and increase informativeness of stock price? How do investors make use of information? These problems always puzzle government authorities and investors. Therefore, revolving around intra-industry information diffusion, further systematic investigation and exploration are necessary. Policy considerations and market mechanisms in China should keep pace with the times, which could, in turn, ensure that stock prices develop more effectively and informatively. Based on the most important policy changes, i.e., the split-share structure reform in 2005 and lifting short-sale constraints in 2010, this study is the first to investigate the impact of policy change on intra-industry information diffusion. Consequently, this study provides several evidences to help the government authorities in smoothing the process of intra-industry information diffusion and augmenting the market efficiency.
Third, the study focuses on China's stock market. As the biggest emerging market, research on China's stock market is a significant reference for investigation into other emerging markets. Most researches about information diffusion in China concentrate on the whole market [7, 21] or segmented markets, such as A-share and B-share [15, 22] . As far as we know, no literature focuses on intra-industry to investigate information diffusion in China's stock market. Based on the main intra-industry analysis, the study fills the gap.
The organization of the paper is stated, as follows: Section 2 discusses policy changes in China's stock market; Section 3 shows the data and main methods, whereas the impact of market condition on intra-industry information diffusion is examined in Section 4; Section 5 presents the impact of policy changes on the process of intra-industry information diffusion; and, the conclusion and discussion are described in Section 6.
Policy Changes in China's Stock Market
Since the reform and opening in 1978, China has experienced a fast transformation from the planned economy to market economy at the national level. Over the past three decades, China has gone through impressive economic growth and turned into the world's second largest economy. It became a member of the World Trade Organization (WTO) that is recognized as one of the BRICs (Brazil Russia India China) by international investment banks (Goldman Sachs) in 2001. Due to its fast economic development and enormous growth opportunities in China, as an indispensable part of the Chinese economy, China's stock market increasingly attracts domestic and foreign investors' attention. As an emerging market, China's stock market has the second largest trading volume, as well as the second largest market capitalization of $6.4 trillion in 2014 [23] , only after the U.S. China's stock market became one of the most active markets based on the number of listed companies, the total trading volume, the market capitalization, participation of foreign investors, and the unique categorization of stocks. Therefore, a considerable amount of investment interests and academic attention around the world concentrate on China's stock market.
Notwithstanding its fast development and emerging importance, China's stock market may suffer from market irrationality and excessive fluctuation. Therefore, China's government has to continuously regulate and control the market, as well as stabilize its stock prices. However, the regulation effects are always met with skepticism. For the last ten years, among all of the policies, two policies are the most significant and they show the greatest impact to China's stock market. First, the split-share structure reform that happened in 2005. Based on the tradability, the stocks of listed companies can be put into two major classes: tradable stocks and non-tradable stocks. More specifically, non-tradable stocks belong to all levels of government or government-controlled financial institutions. Wu [24] argues that the issuance of non-tradable stocks increases the inefficiency of China's stock market. For example, less tradable stocks can bring about a decrease in liquidity and they are convenient to the practice of insider information trading.
On the other hand, tradable stocks can be freely traded by individual, as well as institutional investors. All companies have non-tradable shares in varying proportions. Before 2005, non-tradable shares contain about two-thirds of the total number of outstanding shares. An excess of non-tradable shares in the stock market bring out several problems for further development of the market. In April 2005, the China Securities Regulatory Commission (CSRC) initiated the reform of non-tradable shares, i.e., the split-share structure reform, trying to transfer all non-tradable shares into tradable shares. The central focus of the split-share structure reform is that holders of non-tradable shares are obliged to compensate the holders of tradable shares in order to obtain the liquidity rights for the option to sell their shares in the future [25] . The potential impact of the split-share structure reform has been discussed by a few empirical literatures. Li et al. [26] suggest that the split-share structure reform might be the most powerful policy reform of China's stock market in recent years. Beltratti et al. [25] discuss that this reform lays down the conditions for essential future changes in ownership, liquidity, and corporate governance in China. However, Carpenter et al. [27] suggest that the split-share structure reform has only little direct immediate impact on the structure of China's stock market in the short term.
The second important policy is lifting short-sale constraints. Before 2010, there were strict short-sale constraints in China's stock market. Under short-sale constraints, due to the ban of law, investors are unable to freely short-sell stocks that they do not hold. Theoretically, short-sale constraints could affect the process of information diffusion. Diamond and Verrecchia [28] maintain that short-sale constraints could delay new information that is to be incorporated into stock prices. Negative information also has difficulties in incorporating stock price and diffusing slowly. In order to improve the process of China's financial market marketization, as well as acting on international convention, CSRC finally abolished the short-sale constraints of China's stock market in February 2010. Therefore, after 2010, after short-sale constraints disappeared, market transactions might have further development room. Chang et al. [29] report that Chinese investors seemed to be unfamiliar with the short-sale mechanism and it is deemed that many of them choose to keep away from short-sales. However, Zhao et al. [30] argue that permitting short-sales could decrease market volatility and provide more suitable stock return allocation in China's stock market. As a result, China's stock market provides appropriate areas to investigate the process of information diffusion with or without short-sale constraints.
Data and Methodology

Data
China's stock market was established in the early 1990s, and in the initial ten years, stock prices fluctuated excessively. CSRC is obliged to continuously introduce policies to stabilize the market. For the purpose of obtaining a relatively stable period of China's stock market, we exclude the initial years since its establishment. Hence, the study period will be from January 2002 to December 2013.
It also focuses on the investigation of intra-industry in China's stock market, because the number of industry is relatively larger. There are 38 industries in China's stock market in the present. However, the number of firms within the industry varies in different industries. Some have more than 100 firms, while some industries only have a few. Sufficient research data is necessary to support the research objectives of this study. The industry that had the number of firms greater than 80 is chosen. (Hou [4] chooses the industry in the U.S. market with the number of firms that are greater than 80. This is a better reference. Not only that, the number of firms in each portfolio should be enough for analysis. Examining information diffusion within an industry in the Australian market, Haque [20] chooses industries that have five to 26 firms. Thus, the number of firms in each portfolio is only two to seven. Due to a smaller firm number, it is difficult to not suspect the validity of the results. Consequently, we chose the industry where the number of firms is greater.) However, the number of firms constantly changes every year. Therefore, to be more specific, we chose the industry with more than 80 firms in 2013. In addition, major industries in China also required selection to guarantee the comprehensiveness of the study. Consequently, we chose the industry with a number of firms greater than 80 and consider this to be a major industry in China. As a result, we chose seven industries and 1175 firms to be the sample in this study. Table 1 shows the number of firms in the sample industries. In order to avoid the considerable bias that is connected with nonsynchronous trading and some microstructure effects at the daily level, weekly returns rather than daily returns are employed in our paper. In addition, seasonal patterns might affect weekly autocorrelations of stock returns [31] . Hou [4] argues that, based on five trading days, if Friday is close, then the autocorrelations of the corresponding weekly return should be higher. On the other hand, if Tuesday is closed, then the autocorrelations of the corresponding weekly return should be smaller. Thus, if Wednesday is closed, then the autocorrelations of the corresponding weekly return should be in between. Using this finding, we estimate the weekly returns from Wednesday close to the subsequent Wednesday close. If the following Wednesday is not a trading day, it will be extended to the next trading day. This method of calculating weekly returns is commonly used in the literature, see, for example, Hameed and Kusnadi [3] , and Hou [4] . Nevertheless, Chordia and Swaminathan [10] and Haque [20] employ both the weekly data and daily data to run the Vector Auto-regression (VAR) model. They find that the result of weekly data and the result of daily data are similar.
Descriptive Statistics
In order to avoid the impact of non-synchronous trading and microstructure effects, many studies use weekly and size-based portfolio data [3, 4] . Following the same scenario, the empirical investigation is processed on a weekly and size-based portfolio return.
The size portfolios within the industry are formed, ranking all the firms based on their market capitalization i.e., total capital in the December of each year. The firms are divided into three portfolios: bottom 30%, middle 40%, and top 30%. Portfolio S denotes the smallest 30% firms and portfolio B includes the largest 30% firms. The equal-weighted portfolio weekly returns for each size-ranked portfolio are estimated. R B and R S are the weekly returns of the biggest and smallest size portfolios, respectively. Before the empirical analysis is presented, necessary descriptive statistics are essential. More specific descriptive statistics are stated in Table 2 : Table 2 displays the descriptive statistics for the largest and smallest 30% size portfolios of all sample industries from 2002 to 2013. There are 626 weekly returns in each industry-size portfolio. The average weekly returns of the smallest 30% firms are obviously greater than the average weekly returns of the largest 30% firms. Therefore, small firms usually obtain a higher average return, which is consistent with previous studies on size premium [32] [33] [34] [35] . Moreover, the standard deviation of the smallest 30% firms' return is always greater than the standard deviation of the largest 30% firms' return. These results imply that the small firm poses higher risk with regards to higher returns. Kurtosis in each portfolio is greater than three, while the skewness in each portfolio is closed to zero. Furthermore, the unit root test is generally employed to examine the stationary of the time-series data. As shown in Table 2 , the Augmented Dickey-Fuller (ADF) and Phillips-Perron (PP) tests reject the null hypothesis at 1% level in all industries, which exhibited that the data has no root unit. The results displayed in these returns are stationary. Table 3 describes the results from the first through fourth order autocorrelations and cross-autocorrelations of the largest 30% firms and the smallest 30% firms in each industry. The first-order autocorrelation coefficient declines as we move from the smallest firms to the largest.
The longer it lags, from two to four weeks, the autocorrelation functions decline faster. Second, for most industries, the correlation coefficient between the returns on the lagged largest 30% firms and the current smallest 30% firms is greater than the correlation coefficient between returns on the lagged smallest 30% firms and the current largest 30% firms. Table 3 also shows that the cross-autocorrelations decay in most industries, as more lags come. Therefore, the cross-autocorrelations show that the big firms' lagged returns provide predictive ability for smaller firms' current returns. Consequently, the lead-lag effect between the big and small firms is evidently displayed within the industry. Furthermore, these asymmetric cross-autocorrelations are consistent with the hypothesis of gradual information diffusion: when new information comes, small firms react more slowly than big firms. Auto-big and Auto-small refer to the largest 30% size portfolio and the smallest 30% size portfolio in Automobiles parts industry, respectively. Similarly, Cons-big and Cons-small, Elec-big and Elec-small, Food-big and Food-big, Engi-big and Engi-small, Meta-big and Meta-small, and Phar-big and Phar-small refer to the largest 30% size portfolio and the smallest 30% size portfolio in Construction and materials industry, Electronic equipment industry, Food producer industry, Industrial engineering industry, Industrial metals and mining industry, andPharmaceuticals and biotechnology industry, correspondingly. N denotes the average number of firms in each portfolio from 2002 to 2013. Finally, ***, **, and * denote the significance at the 1, 5, and 10 % levels, respectively. Table 3 . Autocorrelation Matrices. Notes: ρ m (j,k), m = 0 to 4, j = B or S, and k = B or S, is correlation coefficient. B and S refer to the largest 30% size portfolio and the smallest 30% size portfolio, respectively. ρ m (j,k) refers to the m th order correlation coefficient between returns on the largest 30% size portfolio and the smallest 30% size portfolio. For example, ρ1(S, B) denotes the correlation between week t return on the smallest 30% size portfolio and week t−1 return on the largest 30% size portfolio. ρ2 (B, S) represents the correlation between week t return on the largest 30% size portfolio and week t−2 return on the smallest 30% size portfolio. On the other hand, ρ m (j,k) also displays autocorrelation of portfolios' return. For instance, ρ1 (B, B) refers to the first-order autocorrelation of the largest 30% size portfolio. ρ4 (S, S) means the fourth-order autocorrelation of the smallest 30% size portfolio.
Vector Auto-regression (VAR)
According to the hypothesis of time-varying expected returns, the cross-autocorrelations between the big firms' lagged returns and the small firms' current returns are caused by a combination of small firms' high autocorrelations and a high contemporaneous correlation between the big and small firms [31, 36] Moreover, the contemporaneous correlation coefficients between the small and the big firms are always greater than 0.7 in all sample industries. These results imply that high contemporaneous correlation also appear between the small and big firms. Thus, vector-autoregressive regression (VAR) tests are employed to control the autocorrelations of small firms and the contemporaneous correlation between big and small firms. Brennan et al. [8] first employ the VAR model to investigate the process of intra-industry information diffusion. They conclude that, when there is only lagged impact rather than contemporaneous impact among variables, it is suitable to set up the VAR procedure. They further propose that error term actually implies contemporaneous impact. Chordia and Swaminathan [10] state that the VAR model not only prove whether big firms' lagged returns lead small firms' current returns, but more importantly, it could provide a kind of measure about the speed of information diffusion. The corresponding VAR model for each respective industry is described in the following equations:
Furthermore, by combining all the sample firms, regardless of the industry, a panel VAR model to process the entire investigation of intra-industry is also built:
In Equations (1) and (2), R S,t and R S,t-k are the equal-weighted weekly returns on the smallest 30% portfolio at period t and period t-k, while R B,t and R B,t-k present the equal-weighted weekly return on the largest 30% portfolio at period t and period t-k. (We obtain similar results using value-weighted weekly returns, results are available upon request.) On the other hand, in Equations (3) and (4), R S,i (t) and R S,i (t-k) are the equal-weighted weekly returns on the smallest 30% portfolio at period t and period t-k in industry i, while R B,i (t) and R B,i (t-k) present the equal-weighted weekly return on the largest 30% portfolio at period t and period t-k in industry i. Moreover, in Equations (1) and (3), a k and b k are the coefficients of the lagged returns of R S and R B , respectively. In Equations (2) and (4), c k and d k are the coefficients of lagged returns of R S and R B , respectively. a 0 and c 0 (a i,0 and c i,0 ) are the constant terms, correspondingly. Finally, u t and v t (u i,t and v i,t ) are the error terms, respectively.
In the above time-series and panel VAR settings, c K refer to the impact of lagged big firms' returns on current small firms' returns, as well as the impact of lagged small firms' returns on current big firms' returns correspondingly. If there is lead-lag relation between the big and small firms, which is generated by gradual information diffusion, the sum of coefficients
expected. Furthermore, according to Brennan et al. [8] , we could employ the cross-equation test for null hypothesis:
c K to check whether one portfolio's lagged return can predict another portfolio's current return. If the lead-lag relation is driven by a gradual diffusion of information from big firms to small firms, we expect
(We estimate the VAR for the full sample period and find the impact of lagged big firms' returns on current small firms' returns is significantly greater than the impact of lagged small firms' returns on current big firms' returns. The results suggest the existence of the significantly gradual intra-industry information diffusion in China's stock market, by means of a significant intra-industry lead-lag relationship between big stocks' lagged returns and small stocks' current returns. The empirical results are available upon request.) Additionally, we also exclude the effect of cross-industry information diffusion in this study. The gradual information diffusion between big and small firms only appears within the industry, rather than across the different industries.
(We confirm the gradual information diffusion actually is intra-industry information diffusion.)
Market Conditions and Intra-Industry Information Diffusion
To explore the impact of market conditions, they are categorized as up or down, depending on whether the previous market return is positive or negative. According to Hameed and Kusnadi [3] , the period definition of market conditions might affect the impact of market condition on cross-autocorrelations. There is no theoretical guide on period definitions regarding up and down markets, as it depends on the research objectives and sample markets. Some studies employ longer period definitions of market conditions. For example, both Cooper et al. [33] and Wu [24] employ 36-month market returns as the definition of market conditions in order to examine momentum strategy in the U.S. and China markets. However, some of the studies use shorter period definitions of market conditions. For instance, in examining the lead lag effect in the Warsaw's stock market, Gębka [37] defines market conditions using daily market return. In the U.S. and six Asia markets, McQueen et al. [11] and Chang et al. [12] employ a month's market return as the proxy of up and down markets to examine the cross-autocorrelation of stock returns.
Therefore, we employ four weeks to be the shorter horizon of the market condition. On the other hand, to comprehensively investigate the impact of market conditions on the process of intra-industry information diffusion, longer period definitions of market conditions should also be considered. Meanwhile, due to excessive volatility in China's stock market, periods that are too long have difficulties reflecting the fluctuations in market returns. Therefore, we employ 26 weeks to be the longer horizon of market condition in this study. (Hameed and Kusnadi [3] examine information diffusion and market conditions in the Japan market using both shorter and longer period definitions. They define the previous four or 26 weeks to determine market conditions.) As a result, by employing shorter and longer standards of period definitions, we define the previous four and 26 weeks to respectively establish the market conditions. (We obtain similar results using other period definitions, such as the previous 12 weeks, to determine market conditions; the results are available upon request.)
Consequently, if the previous four-week or 26-week market return is positive, the market condition can be confirmed as the up market state, or otherwise the down market state. Our main objective is to investigate the impact of market conditions on intra-industry information diffusion. To test this objective, two dummy variables, i.e., D up,t-k and D down,t-k , are added into the original VAR model. Particularly, the new conditional VAR model is stated in the following equations:
In Equations (5) and (6), D up,t-k and D down,t-k are dummy variables, which correspondingly reflect the up and down markets conditions at period t-k. D up,t-k equals one if the market condition becomes up and zero otherwise. In a similar way, D down,t-k equals one if the market state is down and zero otherwise. The reason that two dummy variables are set is to achieve the VAR investigations independently of the up and down conditions. For example, we examine whether big firms react faster than smaller firms to acquire common information in the down market state by employing a cross-equation test of null hypothesis:
On the other hand, in an up market condition, we examine whether big firms react faster than smaller firms to acquire common information by using a cross-equation test of null hypothesis:
In Equation (5) Greater coefficients show more striking cross-autocorrelations between the big firms' lagged returns and the smaller firms' current returns, which suggest that the more significant lead-lag relation between big and small firms. As the lead-lag relation reflects slow diffusion of information from big to small firms, the more significant lead-lag effect suggests a slower diffusion of information. (Most studies argue that slow diffusion of common information is a primary cause of the lead-lag effect. Thus, the stronger lead-lag effect suggests slower diffusion of information [1, 4, [8] [9] [10] .) Therefore, in order to estimate the speed of intra-industry information diffusion in different market conditions, we compare
c K,up , intra-industry information diffusion is slower in a down market state, and vice versa.
Shorter Horizon of Market Conditions
Based on the seven sample industries, we first employ the previous four-week market returns to be the shorter horizon of market conditions. The time-series empirical results of the seven industries are stated in Table 4 :
In Panel A of Table 4 , in regards to the small firms' current returns, "Big-up" is the sum of coefficients of the lagged big firms' returns in an up market state, reflecting the impact of the big firms' lagged returns in an up market state. On the contrary, "Big-down" denotes the sum of coefficients of lagged big firms' returns in a down market state, revealing the impact of the big firms' lagged returns. It is found that the "Big-down" is greater than the "Big-up" in all industries (except the electronic equipment industry and the industrial engineering industry that are not significant). It shows that the impact of the big firms' lagged returns in a down market state is greater than the impact of the big firms' lagged returns in the up market state. Furthermore, the cross-equation test is more significant in the down market in four of the industries. These results display the more significant lead-lag effect in down market state, which suggest that slower information diffusion appears in the down market state than the up market state. The results also suggest that there are more obstacles in the process of intra-industry information diffusion when market condition becomes a down market state. Furthermore, to process an entire investigation of intra-industry, a conditional panel VAR is employed by including all firms. Panel B of Table 4 displays the conditional panel VAR in a shorter horizon. Notes: R S is the equal-weighted weekly return on the smallest 30% portfolio, while R B presents the equal-weighted weekly return on the largest 30% portfolio. R S,i (t) and R B,i (t) are the equal-weighted weekly return on the portfolio of the smallest and the largest 30% firms at period t in industry i, correspondingly. Small-up indicates the sum of coefficients of lagged small firms' returns in up market. Small-down show the sum of coefficients of lagged small firms' returns in down market. Small-up indicates the sum of coefficients of lagged small firms' returns in up market. Small-down show the sum of coefficients of lagged small firms' returns in down market. On the other hand, Big-up indicates the sum of coefficients of lagged big firms' returns in up market, while Big-down denotes the sum of coefficients of lagged big firms' returns in down market. F-statistics are reported in parentheses. c K,down . Finally, ***, **, and * denote significance at the 1, 5, and 10% levels, respectively. Both AIC and HQIC information criterions support the four-lag to be adaptive order criteria. Thus, four-lag is used in the VAR model. (The result is similar with the view of Hou [4] . He claims that the lag order should be one or four because it is reasonable to assume that small firms will react to information within a month's time.)
Regarding the small firms' current returns, "Big-up" is 0.296 and "Big-down" equals 0.420. Both are significant at the 1% level. It shows that the impact of the big firms' lagged returns in the down market state is greater than the impact of the big firms' lagged returns in the up market state. These results display the more significant lead-lag effect in the down market state, which suggest that slower information diffusion appears in down market state. Therefore, the results of the conditional panel VAR also support that the intra-industry information diffusion from big firms to small firms becomes slower in down market state than the up market state. (The results of value weighted portfolios are consistent. The results are available upon request.)
The results are consistent with Hameed and Kusnadi's study [3] , which claims that the speed of information diffusion becomes faster in the up market condition rather than the down market condition. On the other hand, Hong et al. [38] , Doukas and McKnight [39] , and Yalçın [40] argue that bad news diffuses slower in the market. When the market is turning downward, increasingly bad information is full of the market. However, firms react slower to bad news, especially the smaller ones. Negative information diffuses more slowly from big firms to small firms in a down market. Therefore, the gradual intra-industry information diffusion is more significant when the market goes down. Additionally, from another aspect, as the market continually declines, pessimistic sentiment is full of the market. Thus, investors ultimately lose investment confidence and they take less notice of the stocks. Da et al. [41, 42] discuss that less investors' attention generates slower information diffusion. Consequently, slower information diffusion appears more easily in the down market.
Longer Horizon of Market Conditions
As a robustness check, a longer horizon of market condition (previous 26-week market return) is also employed to explore the impact of market conditions on intra-industry information diffusion. The empirical results of seven industries are shown in Table 5 : Consistent with the analysis of the four-week horizon of market condition, the time-series empirical results show that market conditions affect intra-industry information diffusion under the investigation of a longer horizon of market condition. The results also suggest that the gradual intra-industry information diffusion is more significant in the down market state than the up market state.
As stated in Panel B, in regards to the small firms' current returns, "Big-down" is much bigger and significant than the "Big-up". It shows that the impact of the big firms' lagged returns in a down market state is greater than the impact of the big firms' lagged returns in an up market state. Moreover, we find that the cross-equation test (F = 105.11) is significant only in a down market state. These results display the more significant lead-lag effect in down market state as compared to the up market state, which suggest that slower information diffusion appears in down market state. Therefore, the results of the conditional panel VAR also suggest that information diffusion from big firms to small firms becomes slower in the down market condition than the up market condition under the analysis of a longer horizon of market condition.
When compared to Table 4 , the results of a longer horizon of market condition are more significant than the results of a shorter horizon of market condition. These results also suggest that when the market turned downwards for a longer period, the speed of intra-industry information diffusion develops more slowly. As the longer bearish market exists, investors become gloomier and their investment sentiment becomes lower. Hence, many investors might lose investment interest on stocks. Consequently, when the market falls off for a longer period, less investors' attention is brought into the market. Thus, when compared to a shorter horizon down market condition, information diffuses more slowly in a longer horizon down market condition.
Policy Change and Intra-Industry Information Diffusion
Examining the Impact of Policy Changes
There are two most important policy changes in China: the split-share structure reform in 2005 and lifting the short-sale constraints in 2010. These significant times in policy changes have generated two break points. The full study period is divided into three sub-periods: January 2002-February 2005, March 2005-January 2010, and February 2010-December 2013. The first sub-period mainly shows the situation of China's stock market before the split-share structure reform and the lifting of the short-sale constraints. What happens in China's stock market after the split-share structure reform is displayed in the second sub-period. Meanwhile, the second sub-period also shows the situation of China's stock market with the short-sale constraints. After lifting the short-sale constraints and the split-share structure reform, the situation is presented in the last sub-period.
Therefore, in order to examine the impact of policy changes from 2002 to 2013 on intra-industry information diffusion over time, the VAR procedure is continuously employed to estimate the lead-lag effect between the big and small firms. Three dummy variables, i.e., D p1 , D p2 , and D p3 , are added into the original VAR model. Hence, the new conditional VAR model is stated in the underlying equations:
In Equations (7) and (8), D p1, t-k , D p2, t-k , and D p3, t-k are dummy variables, which respectively reflect the three sub-periods at period t-k. D p1, t-k equals one if the market is in the first sub-period (January 2002-February 2005) and zero otherwise. In a similar way, D p2, t-k equals one if the market is in the second sub-period (March 2005-January 2010) and is zero otherwise. D p3, t-k equals one if the market is in the third sub-period (February 2010-December 2013) and zero, or else. The purpose for setting the three dummy variables is to identify the VAR analysis separately for the different sub-periods. For example, the study examines whether big firms react faster than the smaller firms to common information in the first sub-period by employing a cross-equation test for null hypothesis:
. Similarly, a cross-equation test for the null hypothesis is used in the second (third) sub-period:
In Equation (7), a k,p1 and b k,p1 (a k,p2 and b k,p2 ; a k,p3 and b k,p3 ) are the coefficients of the lagged returns of R S and R B , in the first (second; third) sub-period, correspondingly. Similarly, in Equation (8), c k,p1 and d k,p1 (c k,p2 and d k,p2 ; c k,p3 and d k,p3 ) are, respectively, the coefficients of the lagged returns of R S and R B in the first (second; third) sub-period.
In this conditional VAR setting, significances of coefficients are similar with the original VAR model. With regards to the smaller firms' current returns,
, and
correspondingly reflect the impact of the big firms' lagged returns in the first, second, and third sub-periods. A greater coefficient shows more impact of the big firms' lagged returns on the small firms' current returns, which suggest a more prominent lead-lag relation between the bigger and smaller firms. Thus, a greater coefficient reflects slower diffusion of information from big firms to the smaller ones in this sub-period. By comparing
, an estimation of the impact of policy changes on intra-industry information diffusion in different sub-periods is made. Based on Panel A of Table 6 , there is no strong statistical evidence to discover the relatively consistent intra-industry information diffusion in the second and third sub-periods. Most coefficients are insignificant or marginal significant in either one sub-period only (except the automobile parts industry and the construction and materials industry). Additionally, the cross-equation tests are also unable to show consistent results among the industries (except the automobile parts industry and the construction and materials industry). Due to these inconsistent results among the industries, we further employ panel data analysis by including all firms. Panel B of Table 6 displays the results of the panel data.
Based on Panel B, among the three coefficients in the small firms' current returns, "Big-P 3 " is the biggest and "Big-P 2 " is in the middle, whereas "Big-P 1 " is the smallest. These results suggest that the intra-industry lead-lag effect becomes stronger over time. Therefore, intra-industry information diffusion from big firms to smaller firms becomes slower from the first sub-period to the third sub-period. The policy changes impede intra-industry information diffusion. More delay is brought into intra-industry information diffusion along with the policy changes.
Next, as for the robustness test, we separately employ the conditional panel VAR to analyze intra-industry information diffusion in each sub-period. The empirical results are described in Table 7 .
With regards to the smaller firms' current returns, the sum of coefficients of big firms' lagged returns is correspondingly 0.069, 0.277, and 0.438 in the three sub-periods, respectively. They increase over time and are only statistically significant in the latter two sub-periods. Therefore, the impact of the big firms' lagged returns on the smaller firms' current returns becomes bigger over time. The results suggest that the lead-lag effect between the big firms and smaller firms becomes stronger over time. Thus, intra-industry information diffusion from big firms to small firms becomes slower over time. As a result, the policy changes influence the intra-industry information diffusion, which suggests that more delay is brought into the process of intra-industry information diffusion over time. Notes: R S and R B are the equal-weighted weekly return on the smallest and the largest 30% firms, correspondingly. R S,i (t) and R B,i (t) are the equal-weighted weekly return on the portfolio of the smallest and the largest 30% firms at period t in industry i, correspondingly. Small-P 1 and Big-P 1 respectively indicate the sum of coefficients of lagged small firms' returns and the sum of coefficients of lagged big firms' returns in the first sub-period. Similarly, Small-P 2 and Big-P 2 , respectively, refer to the sum of coefficients of lagged small firms' returns and lagged big firms' returns in the second sub-period. Small-P 3 and Big-P 3 respectively refer to the sum of coefficients of lagged small firms' returns and lagged big firms' returns in the third sub-period. F-statistics are reported in parentheses.
Test-P 1 is F-statistics for cross-equation tests for the null hypothesis in the first sub-period i.e., Test-P 2 and Test-P 3 are also corresponding F-statistics in the second sub-period and the third sub-period. Finally, ***, **, and * denote significance at the 1, 5, and 10 % levels, respectively. Both AIC and HQIC information criterions support the four-lag to be adaptive order criteria. Thus, four-lag is used in the VAR model.
Additionally, by observing the "Big-P 1 ", "Big-P 2 ", and "Big-P 3 " in Table 6 and the sum of coefficients of big firms' lagged returns in Table 7 , it is discovered that the sum of coefficients of big firms' lagged return decreasingly increase over time, i.e., the growth rate of the sum of coefficients decreases from sub-period 1 to sub-period 2 and from sub-period 2 to sub-period 3. It is found that the first policy change, i.e., the split-share structure reform, has more impact on intra-industry information diffusion than the lifting of short-sale constraints. The empirical results show that the split-share structure reform actually impedes the process of intra-industry information diffusion. However, most people think that the reforms help to improve market efficiency. Do the reforms improve market efficiency? As the most powerful policy reform of China stock market in recent years, the potential impacts of the split share structure reform have been discussed by a few empirical researches. However, effectiveness of the split share structure reform is still in dispute. For example, Chen et al. [13] argue that the split share structure reform improves the liquidity of the market and increases the market efficiency. Yet, Beltratti et al. [25] discover this reform had no impact on the ownership structure of firms in their research. They argue that only some small stocks and historically neglected stocks are partially beneficial from this reform. Additionally, Carpenter et al. [27] suggest that the split share structure reform has little direct immediate impact on the structure of the China stock market in the short term. ck. Finally, ***, **, and * denote significance at the 1, 5, and 10 % levels, respectively.
Both AIC and HQIC information criterions support the four-lag to be adaptive order criteria.
Additional Tests on the Impact of Policy Changes
The Time-series Change of Lead-lag Effects among Three Sub-periods
In the previous analysis, the impact of policy changes on intra-industry information diffusion is examined by considering the impact of lagged big firms' returns on the current smaller firms' returns and vice versa. Contrary to the previous section and following Mori [17] , the effect of small firms leading to big firms is subsequently excluded. Only the lead-lag effect from big firms to small firms is exhibited. The lead-lag effect is estimated in a one-lag panel VAR that is based on the weekly returns of the same equal-weighted size portfolios with a quarterly window. More specifically, the one-lag panel VAR is stated in the following equations:
In Equations (9) and (10), R S,i (t) and R S,i (t-1) are the weekly returns of the smallest 30% portfolio at period t and period t-1, respectively, in industry i, while R B,i (t) and R B,i (t-1) present the weekly returns of the largest 30% portfolio at period t and period t-1 in industry i.
According to Mori [17] , the time-series lead-lag effect could be evaluated by acquiring the difference between b 1 in Equation (9) and c 1 in Equation (10), which examines the size of the lead-lag effect from big firms to smaller firms. Although Mori [17] only investigates the Real Estate Investment Trust market in the U.S., this method is a better reference for our underlying analysis. Furthermore, b 1 actually implies the effect that big firms lead small firms, while c 1 suggests the effect that small firms lead big firms. Therefore, (b 1 -c 1 ) evaluates the lead-lag effect from big firms to small firms, while control for the reverse lead-lag effect from small firms to big firms. If big firms actually could lead small firms, then b 1 should be greater than c 1 and (b 1 -c 1 ) should be greater than zero. It presents a distinct lead-lag effect between big and small firms, which reflects that the delayed degree of information diffusion is stronger from big firms to smaller firms. Additionally, if (b 1 -c 1 ) is less than zero, it implies that, instead of the lead-lag effect from big firms to small firms, the reverse lead-lag effect from small firms to big firms appears. Table 8 shows the mean and standard deviation of (b 1 -c 1 ) in each three sub-periods. First, the mean becomes bigger over time. It suggests that the lead-lag effects develop stronger from the first sub-period to the last sub-period. Second, the F-statistic for mean difference among three sub-periods is significant at the 1% level. Thus, intra-industry information diffusion is also dissimilar in different sub-periods. Based on the above two viewpoints, the delay of intra-industry information diffusion from big stocks to small stocks becomes greater over time, which imply that policy changes impede intra-industry information diffusion. These results support our results in the previous section. On the other hand, the standard deviations of (b 1 -c 1 ) show a downtrend over time. Moreover, the F-statistic for standard deviation difference among the three sub-periods is significant at the 10% level, which suggests that the difference of standard deviation exists among the three sub-periods. The results show that the volatility of lead-lag effects decrease over time, which suggests that the fluctuation amplitude of information diffusion reduces over time. Consequently, these results support the information volatility of China's stock market declines, along with its policy changes. With the policy changes, the information environment and transparency of market improve over time. Informational efficiency and transparency are brought into the Chinese stock market. Table 8 also exhibits multiple comparisons of the mean among the three sub-periods. However, the difference of mean between sub-period 1 and sub-period 2, as well as the difference of mean between sub-period 1 and sub-period 3 are significant. The demarcation of the sub-period 1 depends on the first policy change, i.e., the split-share structure reform. Consequently, the impact of the split-share structure reform on the information diffusion has been relatively substantial. On the other hand, the difference of mean between sub-period 3 and sub-period 2 is insignificant. The demarcation of sub-period 3 depends on the second policy change, i.e., lifting of the short-sale constraints. Therefore, lifting short-sale constraints has less impact on information diffusion. As a result, the impact of the split-share structure reform in 2005 is more significant to intra-industry information diffusion in China, which generates more friction of intra-industry information diffusion.
Potential Reasons on the Lead-lag Changes
With the intention of investigating the potential reasons of increasing delay of intra-industry information diffusion over time, further analysis is stated in Table 9 : Table 9 describes the comparison of the different market situations among three sub-periods in China's stock market. As shown, market capitalization and market trading volume grow over time, which suggest the booming development of China's stock market. However, as opposed to the general uptrend of the proportions of individual investors, the proportion of institutional investors remarkably declines, especially after the split-share structure reform in 2005. This result is not consistent with many developed markets. An advanced market eventually needs more institutional investors. However, with the expansion of China's stock market, the proportion of institutional investors is not rising, while the proportion of individual investors is on the rise.
Due to the lack of information processing capacity and channel, most Chinese individual investors tend to follow institutional investors who possess superiority in information acquisition [43, 44] . Hence, information generally diffuses from institutional investors to individual investors in China's stock market [45, 46] . Reduced institutional investors might make the information diffusion more gradual between institutional investors and individual investors. As a result, the increasing proportion of individual investors and the decreasing proportion of institutional investors could potentially cause the delay of intra-industry information diffusion over time in China.
Conclusions
This paper investigates the impact of market conditions and policy changes on intra-industry information diffusion in China. Different with previous studies [4] [5] [6] 18] , the study focuses on intra-industry to investigate the process of information diffusion with view of both market conditions and policy changes. Moreover, according to specific conditions in China, different from previous studies [7, 21] , as far as we know, this paper is the first paper studying the impact of market conditions and policy changes on intra-industry information diffusion in China.
The main findings are: first, the market conditions significantly affect the process of intra-industry information diffusion. The speed of intra-industry information diffusion in the down market condition is slower than in the up market condition. Conversely, when the market is turning upward, the speed of intra-industry information diffusion develops faster. Second, the impact of a longer horizon of market condition is more significant than the shorter horizon. In other words, when the market turns downward for a longer period, the speed of intra-industry information diffusion develops more slowly. These findings are consistent with the gradual-information diffusion theory of Hong et al. [38] . They suggest that, when the market falls off, the market is full of negative information and negative information diffuses more slowly across the market. Market frictions are responsible for the gradual diffusion of information. Moreover, the impact of market frictions is usually more prominent when bad news arrives (for example, the short sale constraint will delay the incorporation of negative information into stock prices [28] ).
This finding provides some trading strategies for investors. When good common information comes to some big firms, based on the principle of gradual information diffusion, investors usually choose small firms from the whole market. However, it is suggested that investors should choose high quality small firms from the same industry, rather than the whole market. Investors should take long positions in these stocks as early as possible and then wait for potential abnormal profit. When the market falls off, investors should slow these investments. Alternatively, investors might accelerate investment behaviors as the market turns upward.
Third, the policy change also has an effect on intra-industry information diffusion. Especially, we find that the split-share structure reform actually impedes the process of intra-industry information diffusion. These findings are consistent with previous theories, such as Merton [14] , Lin and Swanson [15] , and Mori [17] , which mean some external institutional restrictions, such as policy changes, could significantly affect the process of information intra-industry information diffusion. The intra-industry information diffusion from big firms to small firms becomes slower along with policy changes. These results show that due to the policy changes in China, more delay is brought into the process of intra-industry information diffusion over time. Therefore, policy changes impede intra-industry information diffusion.
Fourth, there is a continuously decreasing information volatility of intra-industry information diffusion in China's stock market. Along with the policy changes in China's stock market, the information environment and transparency of market are improved over time. Fifth, the impact of the split-share structure reform in 2005 is more significant to the intra-industry information diffusion of China's stock market, which generates more friction regarding intra-industry information diffusion.
Finally, this paper provides policy implications to policy considerations and market mechanisms. The impact of policy changes on information diffusion is one of the impacts of policy changes on financial market. Based on the split share structure reform and lifting short sale constraints, this paper suggests that these policy changes in China stock market impede the process of intra-industry information diffusion and they seem ineffective in some degree. Institutional frictions are accountable for producing the delay in the process of information diffusion. Thus, comprehending the process of information diffusion is very significant for policy considerations. Institutional reforms in China's stock market have been implemented for many years since the establishment of the market. However, the effectiveness of the policy changes is still in dispute. Policy considerations and market mechanisms in China should keep pace with the times, which could, in turn, facilitate that stock prices to develop more effectively and informatively. Nevertheless, policy considerations, especially in China, seldom consider the effectiveness and informativeness of stock prices, as well as the principle of gradual information diffusion when policies are formulated. Therefore, smoothing the process of intra-industry information diffusion and augmenting the market efficiency should be included into policy-making in the future. Funding: Hebei University -The construction fund of "Double First-class".
